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Abstract

Background

During decongestion for acute heart failure, an early creatinine rise may resolve or remain elevated. At an
intensive care unit (ICU) reassessment, clinicians cannot know from one value whether a first rise will
later persist. Existing furosemide-timed models address death or organ support, and broader heart-failure
models address acute kidney injury; neither directly answers this question. We examined later

confirmation of the first observed rise at 12 and 24 hours after a recorded ICU furosemide event.

Methods

We studied a single-center retrospective Medical Information Mart for Intensive Care IV (MIMIC-1V)
cohort. Time zero was the first positive-dose furosemide event in ICU-linked records, not verified
initiation of hospital diuretic treatment. Separate ridge logistic models used baseline creatinine, creatinine
change, cumulative urine output, and mean arterial pressure. Internal validation assessed discrimination,
calibration, and prediction error; additional analyses examined initial-rise status, a simple creatinine rule,
and the interval from ICU admission to the recorded event.
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Results

Of 784 patients, 481 (61.4%) had a classifiable creatinine course. At 12 and 24 hours, the classifiable risk
sets comprised 433 patients/63 events and 383/57; 38.1% and 57.9% of event patients had already shown
a first rise. In complete cases, optimism-corrected areas under the receiver operating characteristic curve
were 0.783 (bootstrap percentile range 0.721-0.845; 368/52) and 0.840 (0.791-0.900; 357/51). Held-out
areas after within-fold predictor imputation were 0.790 and 0.846. The simple rule based only on a rise
already recorded had areas of 0.650 and 0.728. Adding cumulative furosemide dose did not consistently

improve prediction.

Conclusions

Among patients with enough creatinine follow-up to classify the outcome, routine measurements
separated higher from lower risk of later-confirmed persistent worsening renal function. The models may
help frame future studies of scheduled renal reassessment, but their performance has not been established

for patients without classifiable outcomes or in another hospital.

Keywords: acute heart failure; creatinine; furosemide; intensive care; prediction model; worsening renal

function

Background

During treatment for acute heart failure, removing fluid can coincide with a rise in serum creatinine [1-4].
Changes in renal perfusion and concentration during decongestion can alter creatinine without necessarily
identifying structural kidney injury; the clinical meaning depends on the accompanying congestion
response and underlying kidney function [5—7]. Clinicians therefore need to interpret a new rise in the

context of treatment and subsequent measurements, rather than treating every rise as equivalent.

The course of the rise matters. Studies have reported different prognostic associations for creatinine
changes accompanied by congestion relief or hemoconcentration and for changes that remain elevated [8—

11]. In one large acute-heart-failure cohort, 11.7% had transient and 20.3% had persistent worsening renal
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function, using definitions different from ours [12]. Those categories can be assigned after follow-up, but
at an ICU reassessment the clinician may see only a first, still unconfirmed rise—or no rise yet. The

immediate question is whether the first post-treatment rise will later be confirmed as persistent.

Existing prediction models answer related but different questions. A furosemide-timed ICU model
predicted death, renal replacement therapy, and ventilation [13], whereas other heart-failure models
predicted broader acute kidney injury [14—18]. Their outcome definitions do not isolate later confirmation
of the first observed creatinine rise after treatment. This distinction matters because a patient with an
initial rise already visible at 12 or 24 hours is in a different clinical state from a patient who has not yet
shown one. Predicting later confirmation could identify whom to monitor more closely; it does not by

itself identify harmful kidney injury or determine diuretic dosing.

We therefore anchored time to the first positive-dose furosemide event recorded in ICU-linked data and
evaluated four routinely recorded measures at 12 and 24 hours. We asked whether they distinguished
patients whose first post-anchor rise would later meet a specified 48—72-hour persistence rule, and
whether cumulative recorded dose added predictive information. We also examined the already-risen and

not-yet-risen groups separately to clarify what the models predict.

Methods

Study design and data source

This retrospective intensive care unit (ICU) cohort study developed and internally validated prediction
models. Each model used information available at a fixed reassessment time after the medication record,
known as a landmark. Data came from Medical Information Mart for Intensive Care IV (MIMIC-1V)
version 3.1, a deidentified electronic health record database covering admissions to Beth Israel Deaconess
Medical Center from 2008 through 2022 [19,20]. Access required PhysioNet credentialing and a data-use
agreement. Reporting followed TRIPOD+AI guidance [21], and we considered PROBAST+AI when

describing limitations [22]. Ethics information is provided in the Declarations section.
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Participants and treatment time origin

The source cohort comprised 1,364 adult ICU stays with a primary diagnosis of acute or acutely
decompensated systolic, diastolic, or combined heart failure. We used International Classification of
Diseases, Tenth Revision (ICD-10) codes 150.21, 150.23, 150.31, 150.33, 150.41, and 150.43, and
corresponding Ninth Revision (ICD-9) codes 428.21, 428.23, 428.31, 428.33, 428.41, and 428.43. Within
each hospitalization, only the first ICU stay was considered. We excluded stays coded for end-stage

kidney disease or dialysis status.

Time zero was the earliest positive-dose furosemide event (item 221794) linked to the ICU stay in
inputevents, after excluding records marked Rewritten. To ensure that inclusion, laboratory trajectories,
cumulative dose, and follow-up shared the same time origin, we considered all available events linked to
that stay before applying the eligibility rule. The first eligible event had to fall between ICU admission
and 24 hours afterward. Stays with an earlier linked event or only zero-dose records were not eligible. We
then retained each patient’s first eligible stay. Source-event reconciliation identified eight pre-ICU
records omitted by the earlier ICU-bounded export; reconciling them reproduced the archived cumulative-
dose fields and prompted the cohort and model analyses to be rerun. We retained all non-Rewritten
positive-dose status categories, rather than limiting the primary anchor to FinishedRunning rows. A

medication-record status does not establish the first diuretic dose anywhere in the hospitalization.

Outcome and landmark eligibility

The original proposed outcome, persistent harmful acute kidney injury (AKI), occurred in only 22
independent patients and failed the prespecified feasibility gate; we did not model it. The retained
outcome was persistence of the first observed post-anchor creatinine rise, termed persistent worsening
renal function (WRF), not a complete Kidney Disease: Improving Global Outcomes (KDIGO) AKI
diagnosis. Creatinine was extracted from 24 hours before to less than 168 hours after time zero. Baseline
was the lowest pretreatment value, not a verified outpatient baseline. Post-anchor values were
summarized by their maximum in each six-hour bin. The first bin at least 0.3 mg/dL above baseline
marked onset. Persistence required the first available bin from 48 to less than 72 hours after onset to
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remain at or above this threshold, without an intervening recovery bin. Recovery within the first 48 hours
classified that first episode as negative; later recurrent rises were not reconsidered. If no rise was
observed, a negative classification required at least one observed bin at or after 48 hours. Missing baseline
or insufficient follow-up left the outcome unclassifiable, as detailed in Additional file 1. The definition
permits later recovery and does not imply elevation to discharge. Reliable outpatient baseline values,
complete weight-normalized urine criteria, and harmonized kidney-replacement-therapy times were

unavailable [23,24].

We considered reassessment at 6, 12, 24, 48, and 72 hours after time zero. Before fitting models, we
required at least 40 complete-case events for the five-predictor model; only 12 and 24 hours passed. At
each landmark, patients had to remain in the ICU, have enough later measurements to classify the
outcome, and not already have a confirmed persistent-WRF endpoint. A patient with an initial but still
unconfirmed rise remained eligible. The target was therefore later confirmation that the first observed rise
persisted, in a mixed group: some patients already had a rise, while others did not. Because confirmation
occurred 48—72 hours after onset, the time from reassessment to confirmation differed between patients.

Requiring later laboratory data may also have selected which patients entered the analysis.

Predictors

We prespecified four predictors: baseline creatinine (natural log), change in creatinine from baseline,
cumulative urine output between time zero and reassessment [log(1 + mL)], and pre-landmark binned
non-invasive mean arterial pressure. For creatinine and mean arterial pressure separately, we selected the
latest available six-hour bin beginning at or after the anchor and before the landmark: creatinine change
used that bin's maximum creatinine minus baseline, whereas mean arterial pressure used the first value
within its selected bin. These are binned summaries, not the last raw measurements before reassessment.
Adding cumulative furosemide dose [log(1 + mg)] as a fifth predictor tested whether treatment amount
provided further information. We chose these measures for clinical relevance and timing in the extract,
not for univariable P values. The model is deliberately centered on early recorded renal and blood-

pressure response, not a comprehensive account of congestion or kidney disease. Time-appropriate
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congestion severity, left ventricular ejection fraction, chronic kidney status, and vasoactive exposure were
not sufficiently established for use as point-of-care predictors. Continuous measures remained continuous.
We did not use measurements obtained after reassessment, automated feature selection, class balancing,
or synthetic observations. Although selected bins began before each landmark, source charting or result-

release delays were not verified, so real-time availability of every input was not established.

Statistical analysis

We summarized continuous characteristics as medians and interquartile ranges (IQRs) and compared
outcome groups using two-sided Mann—Whitney U tests. Categorical characteristics were reported as
counts and percentages. Comparisons used Pearson's y? test, or Fisher's exact test if any expected cell
count was <5. Race was compared once across its four categories using a Fisher—Freeman—Halton test
with 200,000 Monte Carlo resamples. Each comparison used available observations for that variable. P
values in Table 1 and Supplementary Table S1 were exploratory, without adjustment for multiple
comparisons, and were not used to choose predictors. Two-sided P < 0.05 was used only as a descriptive
significance convention. Model variables were determined by clinical relevance, prior evidence,
availability at reassessment, and the frozen analysis plan. Additional reviewer-requested comparisons of
classifiable versus unclassifiable patients and of recorded hospital outcomes by persistent-WREF status
were descriptive and unadjusted; death and discharge timing relative to renal confirmation was not

adjudicated.

Separate multivariable ridge logistic regression models were fitted at 12 and 24 hours. Continuous
predictors were standardized within each model fit. The inverse penalty parameter was chosen from 13
logarithmically spaced values from 0.001 to 1,000 using stratified five-fold cross-validation and log loss.
The primary analysis used complete cases; a random holdout set was not used because it would reduce the
information available for both development and evaluation [25]. Internal validation used 500 patient-level
bootstrap repetitions. Standardization, penalty tuning, and model fitting were repeated in each bootstrap
sample. Mean optimism was subtracted from apparent performance. We report the area under the receiver

operating characteristic curve (AUROC), Brier score, calibration intercept, and calibration slope [26].
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Calibration intercept and slope were estimated jointly from logit Pr(Y = 1) = a + b x logit(p), where p is
predicted risk; a is not a calibration-in-the-large intercept obtained by fixing b at 1. The reported 2.5th—
97.5th percentile ranges describe the corrected replicate estimates; their nominal confidence-interval
coverage was not established. Model coefficients were not interpreted as causal effects or screened using

their P values; predicted risks and internally evaluated performance were the primary estimands.

Predictor-missingness sensitivity analysis used stochastic iterative imputation with Bayesian ridge
conditional models; the outcome was excluded. Twenty completed datasets were generated to examine
coefficient direction and tuning stability. For performance estimation, imputation, standardization, penalty
tuning, and fitting were repeated within each training fold and then applied to the held-out fold. We used
10-times repeated five-fold nested stratified cross-validation and averaged each patient's 10 held-out
predictions. Patient-level bootstrap resampling with 1,000 repetitions provided intervals conditional on
the pooled predictions; it did not repeat the full nested procedure. Coefficient ranges across completed
datasets were descriptive and were not Rubin-rule confidence intervals. Patients with an unclassifiable
outcome were not imputed into the analysis; predictor imputation therefore did not address outcome-
ascertainment bias. No inverse-probability correction for outcome ascertainment or competing-risk

analysis of death and discharge was performed.

Receiver-operating-characteristic curves were drawn from the same pooled held-out predictions; their
AUROC:s are distinct from the optimism-corrected complete-case AUROCs. We compared the existing
held-out predictions in patients with and without an initial rise in a bin strictly before the landmark; no
subgroup model was refitted. As a simple comparator, a binary rule classified patients as positive when a
rise of at least 0.3 mg/dL had already been recorded before reassessment. We also described
discrimination among patients whose ICU-to-anchor interval was at most six hours, using the same held-
out predictions. These subgroup estimates are conditional, exploratory descriptions, not independent
validation. We also evaluated the existing held-out base-model predictions after restricting to patients
whose selected anchor included a FinishedRunning medication row; no model was refitted. Decision

curves used treat-all and treat-none reference strategies from 2% to 30% in 1% increments; for clinical

Page 7



177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

interpretation only, these represent hypothetical extra renal monitoring for everyone versus no extra
monitoring beyond usual care. One thousand patient-level bootstrap repetitions quantified uncertainty
conditional on the stored predictions. No actual monitoring intervention or actionable threshold was
tested. Analyses used Python 3.14 with pandas, NumPy, scikit-learn, statsmodels, and Matplotlib; the
fixed random seed was 20260930. Table 1 comparisons used SciPy. Reviewer-requested descriptive

comparisons used SciPy and the existing pooled predictions.

Exploratory analyses used only the reconciled positive-dose, unified-anchor cohort. We compared the 481
patients with a classifiable outcome against the 303 without one using recorded demographic, diagnosis,
severity, treatment, and length-of-stay fields; fields not fixed before the anchor were not treated as
baseline predictors. Among classifiable patients, we compared recorded in-hospital death with Fisher's
exact test and hospital length of stay with the Mann—Whitney U test by persistent-WRF status. These
comparisons were unadjusted, were not used for predictor selection, and cannot establish temporal or

causal relationships.

External-data transportability gate

We examined whether the eICU Collaborative Research Database could support an independent
evaluation [27,28]. We used the same broad cohort criteria, reassessment times, and persistent-WRF
definition. However, its medication extract contained furosemide order times rather than confirmed
administration times and did not provide cumulative administered dose. Before estimating external

performance, our frozen feasibility rule required at least 40 future events at each reassessment time.
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Use of large language models

OpenAl ChatGPT and Codex assisted with language editing, manuscript organization, drafting and
review of analysis code, and preparation of tables and figures. WorkBuddy was used for an additional
manuscript-consistency review. Numerical estimates were calculated by Python programs from the
authorized local datasets and archived model predictions; they were not supplied directly by language-
model output. None of these tools is listed as an author. The authors remain responsible for checking the

code, analyses, and manuscript against the source data before submission.

Results

Cohort and landmark populations

Of 1,364 source ICU stays, 1,042 had a furosemide record and 1,041 had a positive recorded dose. In 906
stays, the earliest eligible event occurred within 24 hours after ICU admission. Keeping each patient's first
eligible stay left 784 independent patients. Persistent WRF could be classified in 481 (61.4%), including
64 events. It could not be classified in 303: 227 lacked pretreatment baseline creatinine, three lacked any
later creatinine, 39 had too little follow-up to rule out an initial rise, and 34 had an initial rise but
insufficient data 48—72 hours afterward to determine persistence (Fig. 1; Additional file 1: Table S6).
Compared with unclassifiable patients, those with a classifiable outcome were younger (median 72 vs 78
years), stayed longer in the ICU (68.3 vs 44.2 hours), and more often had a recorded norepinephrine
exposure (59/481 vs 21/303); hospital death occurred in 30/481 (6.2%) versus 35/303 (11.6%)
(Additional file 1: Table S9). Diagnostic and first-day severity fields in that comparison can include post-
anchor information and were used only to describe selection. These unadjusted differences cannot identify

the direction of bias in model performance.

The analysis populations narrowed further at each reassessment. At 12 hours, 695 patients remained in the
ICU; 262 lacked a classifiable outcome, leaving 433 patients/63 later-confirmed events (complete
predictors: 368/52). At 24 hours, 587 remained; 204 lacked a classifiable outcome, leaving 383/57

(complete predictors: 357/51). Before reassessment, a first rise had appeared in 54 and 73 patients,
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including 24/63 (38.1%) and 33/57 (57.9%) of those who later met the persistence definition. Among the
remaining event patients, five and seven first rose in the six-hour bin beginning at the respective
landmark, and 34 and 17 first rose later. Median time from reassessment to confirmation was 60 hours
(IQR 45-75) and 42 hours (IQR 30-60). The models therefore combine later confirmation of an existing
rise with prediction of a future rise. Bin-level timing cannot prove that a result in the landmark-start bin

was available at the exact reassessment time (Additional file 1: Table S7).

At 12 hours, the risk set had a median age of 72 years (IQR 62-82), and 183 patients (42.3%) were
women. Patients with later-confirmed persistent WRF had larger creatinine increases and lower
cumulative urine output. Exploratory comparisons also showed differences in first-day Sequential Organ
Failure Assessment (SOFA) score and documented renal disease. These P values were not used to select
model variables. Findings at 24 hours followed a similar descriptive pattern (Table 1; Additional file 1:

Table S1).

The existing held-out base-model AUROC was 0.835 in 54 patients/24 events with a rise before 12 hours
and 0.722 in 379/39 without one. At 24 hours, these values were 0.835 in 73/33 and 0.734 in 310/24. A
simple binary rule based only on a rise already recorded had sensitivity/specificity of 38.1%/91.9% at 12
hours and 57.9%/87.7% at 24 hours, with binary AUROCsSs of 0.650 and 0.728 (Additional file 1: Table
S8). These exploratory comparisons use the original held-out predictions and do not establish subgroup
calibration or incremental clinical benefit. Among patients whose anchor fell within six hours of ICU
entry, AUROC from those predictions was 0.775 in 266/38 at 12 hours and 0.850 in 233/35 at 24 hours;
no model was refitted for this subset (Table S8). With restriction to an anchor containing a
FinishedRunning row, the base-model AUROC was 0.798 in 399 patients/60 events at 12 hours and 0.852

in 353/54 at 24 hours, using the same held-out predictions (Table S8).

Among all 784 patients, the recorded anchor occurred a median 4.1 hours (IQR 2.2-8.3) after ICU entry
and 8.3 hours (IQR 4.1-22.0) after hospital admission; 510 (65.1%) anchors were within six hours of ICU
entry (Additional file 1: Table S9). At the selected anchor time, 51/784 patients had no FinishedRunning

row: 41 had a ChangeDose/Rate row, nine a Stopped row, and one a Paused row. In the 481 patients with
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a classifiable outcome, hospital death was recorded in 14/64 (21.9%) with persistent WRF and 16/417
(3.8%) without it; median hospital stay was 282.3 versus 212.2 hours (Table S10). The association is
descriptive: testing and length of stay affect who can satisfy the outcome, and death was not ordered

relative to renal confirmation.

Model performance

In complete cases, the four-predictor model had an optimism-corrected AUROC of 0.783 (0.721-0.845)
at 12 hours (368 patients/52 events). Its Brier score was 0.100 (0.077-0.122), calibration intercept 0.035
(-0.454-0.684), and calibration slope 1.020 (0.760-1.364). At 24 hours (357/51), the corresponding
values were AUROC 0.840 (0.791-0.900), Brier score 0.092 (0.070-0.113), intercept 0.085 (-0.521-
0.867), and slope 1.050 (0.748-1.474) (Table 2). Parentheses give bootstrap 2.5th-97.5th percentile
ranges. The larger 24-hour AUROC does not show that waiting improves care or prediction for the same
patients: the risk sets differed. Creatinine change had the largest standardized coefficient; greater

cumulative urine output was associated with lower predicted risk.

Adding cumulative furosemide dose changed the corrected AUROC by 0.008 at 12 hours and 0.003 at 24
hours. Brier scores increased by +0.001 and +0.002, respectively; lower scores indicate less prediction
error. We assessed these changes together with coefficient stability and held-out performance. Small
AUROC differences alone were not treated as evidence that the model would be useful in clinical

practice.

Missing-data sensitivity analysis and decision curves

At 12 hours, 40 patients (9.2%) lacked a creatinine-change value and 31 (7.2%) lacked mean arterial
pressure. At 24 hours, the corresponding counts were three (0.8%) and 23 (6.0%); other prespecified
predictors were complete (Additional file 1: Table S2). With imputation within training folds, held-out
AUROC was 0.790 (conditional bootstrap percentile range 0.731-0.848) in 433 patients/63 events and
0.846 (0.792-0.899) in 383/57 (Fig. 4). Brier scores were 0.099 and 0.091, and calibration slopes were

1.171 and 1.039 (Additional file 1: Table S3; Fig. 2). The 12-hour slope point estimate exceeded its
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complete-case counterpart of 1.020. A slope above 1 is consistent with predicted log-odds that are less
dispersed than the observed outcome gradient; however, the conditional bootstrap percentile range for the
imputed-predictor slope was 0.913—-1.550 and included 1. The highest base-model predicted-risk decile
contained only 44 patients at 12 hours and 39 at 24 hours, contributing to uncertainty toward the right of
the calibration plots. These analyses still excluded patients whose outcome could not be classified;
percentile ranges were conditional on the saved held-out predictions, not conventional confidence

intervals from a fully rerun model-building procedure.

Across thresholds of 2%-30%, base-model net-benefit point estimates were above both reference curves.
At thresholds of 10%, 20%, and 30%, net benefit per 100 patients was 7.75, 4.50, 3.43 at 12 hours and
9.08, 6.85, 5.45 at 24 hours (Additional file 1: Table S4; Fig. 3). Here, treat-all would mean
hypothetically offering extra renal monitoring to every eligible patient and treat-none would mean
offering no extra monitoring beyond usual care. Neither strategy nor a risk-triggered intervention was
tested. These internal exploratory calculations do not establish that using the model improves patient

outcomes.

External-data feasibility

The extracted eICU heart-failure cohort contained 229 admissions. Only 32 had a usable furosemide order
time within 24 hours of ICU admission, and each landmark had just three future events (Additional file 1:
Table S5). Neither reached the prespecified 40-event threshold. We did not estimate external

performance; this was a feasibility check, not external validation.

Discussion

Principal findings

Four routine measurements distinguished higher from lower risk of later-confirmed persistent WRF
among patients whose creatinine course could be classified. The 24-hour model had a numerically higher

AUROC than the 12-hour model, but the risk sets differed; this is not evidence that waiting improves
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care. The outcome combined a first rise already seen at reassessment with a first rise that appeared later.
In the existing held-out predictions, AUROC was 0.835 versus 0.722 in the already-risen and not-yet-
risen 12-hour groups, and 0.835 versus 0.734 at 24 hours (Additional file 1: Table S8). These small-
subgroup descriptions are not separate model validations. Especially at 24 hours, discrimination partly
reflects recognition of an existing change rather than anticipation of a wholly new event. A later

recurrence after recovery of the first episode was not counted as positive.

The measured renal response and blood pressure carried more predictive information than total recorded
furosemide dose in this dataset. Adding dose produced little stable improvement after the four
prespecified measures were included. This finding concerns incremental prediction only. It does not
establish that diuretic exposure is unrelated to the renal outcome, or whether furosemide benefits or harms
the kidney: dose is adjusted in response to congestion, blood pressure, renal function, and prior treatment

response.

Relation to previous work and study contribution

Kamio et al. used repeated furosemide administrations as prediction times for death and organ-support
outcomes in Japanese ICUs [13]. Our contribution is therefore the specific question rather than the use of
medication timing: after the first recorded ICU event, can measurements at 12 or 24 hours identify
patients whose first observed post-anchor creatinine rise will later be confirmed to persist? Other heart-
failure models address broader acute kidney injury outcomes [14—18]. Their AUROCSs cannot be directly

compared with ours because the populations, outcomes, prediction times, and validation methods differ.

Persistent creatinine elevation deserves attention because previous acute-heart-failure studies have found
that its prognostic association differs from that of a transient rise [8—12]. Among our 481 classifiable
patients, hospital death was recorded in 14/64 (21.9%) with persistent WRF and 16/417 (3.8%) without;
median hospital stay was 282.3 versus 212.2 hours (Additional file 1: Table S10). These are unadjusted
co-occurrences, subject to selective testing and differences in time available to observe a persistent rise.

We did not establish whether death followed renal confirmation or whether this specific endpoint
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independently predicted harm. Our endpoint was persistence of the first observed rise at 48—72 hours after

onset, not persistence to discharge or a complete KDIGO AKI diagnosis.

Strengths and clinical implications

The study used several safeguards to make internal performance easier to judge. We retained one stay per
patient and set a minimum event count before model fitting. Preprocessing and tuning were repeated
within resampling. We reported calibration and overall prediction error as well as AUROC. When
predictors were missing, imputation was fitted only in training folds, and ROC and decision curves used
held-out predictions. Nevertheless, the complete-case models contained only 52 and 51 events.
Penalization and bootstrap correction cannot eliminate coefficient instability or make calibration precise
in such small samples; the reported percentile ranges should be read with that uncertainty in mind. These
safeguards also do not remove selection caused by incomplete later testing, establish real-time availability

of every measurement, or replace evaluation in another hospital.

A plausible future use of a high-risk result is to prompt a scheduled repeat creatinine test and a review of
congestion, blood pressure, and urine output, rather than an automatic change in diuretic dose. In the
decision curves, treat-all and treat-none correspond only to hypothetical extra monitoring for everyone or
no extra monitoring beyond usual care. Because neither a threshold nor the monitoring pathway was
specified or tested, the curves cannot show clinical benefit. Future studies should verify complete hospital
medication history, address patients without enough creatinine follow-up, fix the outcome window after
reassessment, and test the unchanged model in an independent cohort with enough events. A causal
question about diuretic dosing would require a different design that accounts for time-varying

confounding.

Limitations

The principal threat to validity is outcome ascertainment. A WRF outcome could be classified in only 481
of 784 patients (61.4%). Among the 303 others, 227 lacked a pretreatment baseline and 76 lacked

sufficient later creatinine data. The groups differed in age, length of stay, severity proxies, and observed
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hospital death (Additional file 1: Table S9). Selective ordering and availability of creatinine tests can
change which renal trajectories are visible; conditioning development and validation on classifiability
may alter the event mix, apparent discrimination, and calibration in either direction. These descriptive
comparisons cannot identify the magnitude or direction of bias. Imputing outcomes or weighting the
analyzed sample would require assumptions about unobserved creatinine courses and the testing process
that these data cannot verify; we did not prespecify or test such scenarios. We did not model death and
discharge as competing events. Accordingly, the AUROC:sS, calibration, and decision curves apply only to

the classifiable subgroup, not to all patients present at reassessment.

The lowest creatinine in the 24 hours before the ICU record is not a verified outpatient baseline. Our
outcome measured elevation 48—72 hours after the first rise, not persistence to discharge; its timing after
reassessment varied. The algorithm did not reconsider recurrent episodes after recovery of the first rise. A
six-hour-bin maximum above the threshold does not show that every measurement in that bin remained
elevated. Follow-up was truncated before 168 hours after the anchor, limiting confirmation of late rises;
patients without an observed rise could be classified negative after a measurement at or after 48 hours

without complete 168-hour follow-up. Risk sets mixed patients with and without an initial rise.

Recent weight was often unavailable, so urine output could not be weight-standardized. Ejection fraction
was unavailable in the analyzed wide extract, and N-terminal pro-B-type natriuretic peptide was too
incomplete for subgroup analysis. Admission-diagnosis kidney-disease flags, first-day SOFA, and a wide-
window vasopressor indicator could contain information recorded after the prediction time; adding them
to a point-of-care model without temporal reconstruction would risk leakage. Thus the selected predictors
mainly describe early observed renal and blood-pressure response, not all determinants of renal
dysfunction. The two extraction branches were reconciled against exported source events, and the cohort
and analyses were rerun using one positive-dose time anchor. The anchor occurred a median 4.1 hours
after ICU entry and 8.3 hours after hospital admission; in 510/784 patients it occurred within six hours of
ICU entry (Additional file 1: Table S9). Earlier hospital doses outside these ICU-linked records were not

comprehensively assessed. The 51 anchors without a FinishedRunning row and the status-restricted
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analysis underscore that this record time is not verified first administration. Input freshness and charting

delay were not verified.

Predictor imputation gave similar results among patients with classifiable outcomes but did not address
missing outcomes. The 12-hour imputed-predictor calibration slope was higher than its complete-case
counterpart, so calibration was not identical across analyses. Intervals around pooled cross-validation
predictions were conditional on stored predictions rather than a rerun of the complete nested procedure.
We did not develop a separate model for patients without a rise in a bin strictly before reassessment: this
group contained 39 events at 12 hours and 24 at 24 hours, so its complete-case event count necessarily
remained below the prespecified 40-event development threshold. Exploratory subgroup AUROCSs and
the short ICU-to-anchor subset estimate came from the existing predictions and may be unstable
(Additional file 1: Table S8). Cumulative dose did not capture dose escalation or why clinicians changed
treatment. In eICU, order time was not confirmed administration time and too few events were available
for external evaluation; no external validation was performed. Practice differences in medication

recording, laboratory testing, and ICU admission may further limit transportability.

Conclusions

After the first recorded ICU-linked furosemide event, four routine measurements distinguished higher
from lower risk of later-confirmed persistent WRF in the subgroup with classifiable creatinine courses.
The distinction between an already observed rise and one not yet seen changes how the prediction should
be interpreted. Prospective testing of a defined renal-monitoring action and independent validation are

needed before clinical use.

List of abbreviations

AKI, acute kidney injury; AUROC, area under the receiver operating characteristic curve; ICD,

International Classification of Diseases; ICU, intensive care unit; IQR, interquartile range; KDIGO,
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Tables

Table 1. Characteristics of the 12-hour landmark population

Characteristic

Age, years

Female sex

Race, overall

White race

Black race

Asian race

Other/unknown race

First-day SOFA score

Diabetes

Overall No persistent WRF Persistent WRF
72.0 [62.0, 82.0] 72.0 [62.0, 82.0] 73.0 [59.5, 82.5]
(n=433) (n=370) (n=63)

183 (42.3%) 154 (41.6%) 29 (46.0%)
301 (69.5%) 259 (70.0%) 42 (66.7%)
59 (13.6%) 49 (13.2%) 10 (15.9%)
15 (3.5%) 14 (3.8%) 1(1.6%)
58 (13.4%) 48 (13.0%) 10 (15.9%)

4.0 [2.0, 6.0] (n=433) 4.0[2.0,5.0] n=370) 5.0[3.0, 8.0] (n=63)

193 (44.6%) 160 (43.2%) 33 (52.4%)

Page 22

P value

0.996

0.512

0.725

<0.001

0.177



Characteristic Overall No persistent WRF Persistent WRF P value

ICD-coded myocardial infarction 116 (26.8%) 96 (25.9%) 20 (31.7%) 0.337
Documented renal disease 193 (44.6%) 152 (41.1%) 41 (65.1%) <0.001
Chronic pulmonary disease 199 (46.0%) 178 (48.1%) 21 (33.3%) 0.030
Cerebrovascular disease 28 (6.5%) 24 (6.5%) 4 (6.3%) 1.000
Peripheral vascular disease 67 (15.5%) 54 (14.6%) 13 (20.6%) 0.220
Malignancy 33 (7.6%) 26 (7.0%) 7(11.1%) 0.300
Baseline serum creatinine, mg/dL 1.3[1.0,2.0] (n=433) 1.3[1.0,2.0] (n=370) 1.4[1.2,1.9] (n=63) 0.119
0.0 [-0.1, 0.1] 0.0 [-0.1, 0.1]
Creatinine change at landmark, mg/dL 0.2 [0.1,0.5] (n=58)  <0.001
(n=393) (n=335)
1425.0 [975.0, 1503.5 [1031.2, 1025.0 [582.5,
Cumulative urine output, mL <0.001
2120.0] (n=433) 2278.7] (n=370) 1427.5] (n=63)
73.0 [66.0, 83.0] 73.0 [65.5, 82.0] 74.0 [66.5, 84.0]
Pre-landmark binned MAP, mmHg 0.355
(n=402) (n=347) (n=55)

80.0 [40.0, 160.0] 80.0 [40.0, 157.9] 80.0 [40.0, 200.0]
Cumulative furosemide dose, mg 0.104
(n=433) (n=370) (n=63)

520  MAP, mean arterial pressure; SOFA, Sequential Organ Failure Assessment; WRF, worsening renal

521 function. Continuous values are median [Q1, Q3] with non-missing n; categorical values are n (%).

522 Creatinine change uses the maximum value in the latest available pre-landmark six-hour bin minus

523  baseline; binned MAP uses the first non-invasive value in its latest available pre-landmark bin. First-day
524 SOFA describes illness severity during the first ICU day and was not a model predictor. ICD-coded

525  myocardial infarction includes acute and prior infarction codes recorded for the same hospitalization.
526  Continuous variables were compared with the two-sided Mann—Whitney U test. Binary variables were
527  compared with Pearson's y? test, or Fisher's exact test when any expected cell count was <5. Race was

528  compared once across four categories using a Fisher—Freeman—Halton test with 200,000 Monte Carlo
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529

530

531

532

533

534

535

resamples (fixed seed 20260930); its P value is approximate. Tests used available observations for each

variable. No adjustment for multiple comparisons was made; these P values are descriptive and did not

guide model specification.

SI conversion: multiply creatinine values in mg/dL by 88.4 to obtain pmol/L, and blood pressure values

in mmHg by 0.1333224 to obtain kPa. The reported equations require the original units shown in each

equation.

Table 2. Complete-case bootstrap internal validation

Landmark

12h

12h

12h

12h

12h

12h

12h

12h

24 h

24 h

24 h

24 h

24 h

24 h

24 h

Model

Base

Base

Base

Base

Base + dose

Base + dose

Base + dose

Base + dose

Base

Base

Base

Base

Base + dose

Base + dose

Base + dose

N/events

368/52

368/52

368/52

368/52

368/52

368/52

368/52

368/52

357/51

357/51

357/51

357/51

357/51

357/51

357/51

Metric
AUROC
Brier score
Calibration intercept
Calibration slope
AUROC
Brier score
Calibration intercept
Calibration slope
AUROC
Brier score
Calibration intercept
Calibration slope
AUROC
Brier score

Calibration intercept

Page 24

Corrected estimate [percentile range]

0.783 [0.721, 0.845]

0.100 [0.077, 0.122]

0.035 [-0.454, 0.684]

1.020 [0.760, 1.364]

0.791 [0.733, 0.852]

0.101 [0.078, 0.123]

0.241 [-0.245, 0.834]

1.148 [0.876, 1.465]

0.840 [0.791, 0.900]

0.092 [0.070, 0.113]

0.085 [-0.521, 0.867]

1.050 [0.748, 1.474]

0.844 [0.794, 0.898]

0.093 [0.072, 0.114]

0.327 [-0.263, 1.107]



536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

Landmark Model N/events Metric Corrected estimate [percentile range]

24 h Base + dose 357/51 Calibration slope 1.202 [0.898, 1.605]

AUROC, area under the receiver-operating-characteristic curve. Ranges are empirical percentiles of
corrected bootstrap replicate estimates; nominal 95% confidence-interval coverage was not established.
Calibration intercept and slope were estimated jointly. Between-model differences in the text were

calculated from unrounded estimates and may differ from subtracting the rounded values shown here.

Figures

Fig. 1. Study flow and external-evaluation gate. (a) The MIMIC-IV flow uses the earliest positive-dose,
non-Rewritten furosemide event linked to the ICU stay, not the first dose of the hospitalization. Of 784
independent patients, 481 had a classifiable renal trajectory and 303 did not (227 without a pretreatment
baseline creatinine; 3 without a post-treatment creatinine; 39 without sufficient follow-up to classify
absence of an initial rise; 34 with an initial rise but insufficient 48—72-hour confirmation data). At 12
hours, 695 remained in the ICU, 262 lacked a classifiable outcome, and 433/63 entered the risk set; at 24
hours, the corresponding figures were 587, 204, and 383/57. The complete-case model populations were
368/52 and 357/51. (b) The eICU panel is a feasibility audit, not external validation; both landmarks
failed the prespecified minimum of 40 future events. WRF, worsening renal function. The outcome
assesses persistence of the first observed post-anchor creatinine rise; recurrent rises after recovery of the

first episode are not reconsidered.

Alt text: Two-panel flow diagram. Panel a traces 1,364 acute-heart-failure intensive-care stays to 784
independent patients, 481 with classifiable renal outcomes, and 433 and 383 patients at the 12- and 24-
hour landmarks. Panel b shows the eICU feasibility audit: 32 usable order-time records and only three

future events at each landmark, below the 40-event threshold.

Fig. 2. Calibration after within-fold stochastic imputation. (a) The 12-hour landmark (433 patients/63

events). (b) The 24-hour landmark (383/57). Blue solid lines show the four-predictor base model; orange
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dashed lines show the base model plus cumulative furosemide dose. Curves use pooled held-out
predictions from 10-times repeated five-fold nested cross-validation, not the complete-case bootstrap
estimates in Table 2. Points show predicted-risk decile observed proportions with Wilson intervals;
shaded regions are patient-level conditional bootstrap percentile bands based on the stored predictions.
The highest base-model predicted-risk decile contained 44 patients/24 events at 12 hours and 39/26 at 24
hours; its limited size contributes to uncertainty at high predicted risks. The gray dashed diagonal denotes

ideal calibration.

Alt text: Two calibration panels for the 12-hour and 24-hour landmarks. Blue solid curves show the base
model and orange dashed curves add furosemide dose. The full 0-1 predicted-risk scale is shown. The
highest base-model risk decile has 44 patients at 12 hours and 39 at 24 hours, and the bands widen at high

predicted risks.

Fig. 3. Exploratory decision-curve analysis after within-fold stochastic imputation. (a) The 12-hour
landmark (433 patients/63 events). (b) The 24-hour landmark (383/57). Blue solid lines show the four-
predictor base model; orange dashed lines show the base model plus cumulative furosemide dose. The
gray dashed curve and black horizontal line represent hypothetical intensified renal monitoring for all
eligible patients and no extra monitoring beyond usual care, respectively. Curves show net benefit across
thresholds from 2% to 30% using pooled held-out predictions from repeated nested cross-validation, not
the complete-case estimates in Table 2. Shaded regions are patient-level conditional bootstrap percentile
bands based on stored predictions. No actual intervention was linked to these risk thresholds; this internal

calculation does not establish implementation benefit.

Alt text: Two decision-curve panels for 12-hour and 24-hour predictions. Across thresholds of 2% to
30%, the blue base-model and orange base-plus-dose point-estimate curves are above the treat-all and
treat-none reference strategies. Shaded bands show internal bootstrap uncertainty; no clinical intervention

was tested.

Fig. 4. Receiver-operating-characteristic curves from held-out predictions. (a) The 12-hour landmark (433
patients; 63 later-confirmed events). (b) The 24-hour landmark (383 patients; 57 later-confirmed events).
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Blue solid lines show the four-predictor base model; orange dashed lines show the base model plus
cumulative furosemide dose. Gray dashed diagonal lines indicate chance discrimination. Curves use
pooled predictions from 10-times repeated five-fold nested cross-validation, with imputation fitted within
each training fold. The AUROCSs shown use the larger classifiable risk sets and are distinct from the

complete-case, bootstrap optimism-corrected estimates in Table 2. AUC, area under the curve.

Alt text: Two receiver-operating-characteristic panels. At 12 hours, the base and base-plus-dose held-out
areas under the curve are 0.790 and 0.780; at 24 hours they are 0.846 and 0.850. These curves come from

classifiable risk sets after within-fold predictor imputation.
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(a) MIMIC-IV development cohort

Primary acute-heart-failure ICU stays
n = 1,364

(b) elCU feasibility assessment

*

Eligible acute-heart-failure admissions
n =229

Any furosemide record: 1,042 stays
Positive recorded dose: 1,041 stays

*

Earliest eligible event within 0-24 h of ICU entry
n = 906 stays

Usable furosemide order-time anchor
n=232

*

First eligible stay per patient
n = 784 patients

*

12 h: 25 patients / 3 events
24 h: 23 patients / 3 events

Classifiable outcome: 481 patients / 64 events
Unclassifiable outcome: 303 patients

12 h: 695 still in ICU; 262 unclassifiable
Risk set: 433 / 63; complete cases: 368 / 52

24 h: 587 still in ICU; 204 unclassifiable
Risk set: 383 / 57; complete cases: 357 / 51

External validation not performed
Prespecified minimum: 40 future events

Order time is not confirmed administration.
Administered cumulative dose was unavailable.

A single positive-dose, non-Rewritten event anchor was used for eligibility, predictors and follow-up.



(a) 12 h: 433 patients / 63 events

(b) 24 h: 383 patients / 57 events
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(a) 12 h: 433 patients / 63 events

(b) 24 h: 383 patients / 57 events
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(a) 12 h: 433 patients / 63 events

= Base model: AUC 0.790
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(b) 24 h: 383 patients / 57 events
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